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Edited by Robert B. RussellAbstract A novel chemical ontology based on chemical func-
tional groups automatically, objectively assigned by a computer
program, was developed to categorize small molecules. It has
been applied to PubChem and the small molecule interaction
database to demonstrate its utility as a basic pharmacophore
search system. Molecules can be compared using a semantic sim-
ilarity score based on functional group assignments rather than
3D shape, which succeeds in identifying small molecules known
to bind a common binding site. This ontology will serve as a pow-
erful tool for searching chemical databases and identifying key
functional groups responsible for biological activities.
 2005 Published by Elsevier B.V. on behalf of the Federation of
European Biochemical Societies.
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Small molecules play a crucial role in the modulation of bio-
logical function, not to mention serving as metabolites for
building blocks of larger biopolymers such as DNA and pro-
tein. Protein–small-molecule interactions are captured by a
variety of experimental methods. Those determined by X-ray
crystallography are deposited in the protein data bank
(PDB) structure database [1]. The 3DSM division of the Bio-
molecular Interaction Network Database (BIND) catalogues
22367 non-redundant protein–small molecule interactions
while taking steps to remove spurious interactions such as
interactions with ions that do not likely fulﬁl a biological role
[2,3]. The Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway database places metabolites, compounds
and drugs in biochemical reactions and pathways, mappingAbbreviations: SMID, small molecule interaction database; PDB,
Protein Data Bank; ChEBI, chemical entities of biological interest;
GO, gene ontology; ACPC, 1-aminocyclopropane-1-carboxylic acid;
CO, chemical ontology
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databases have a limited number of small molecules, but other
databases such as ZINC [5], the developmental therapeutics
program (DTP) [6] at NCI, Chembank (http://chem-
bank.broad.harvard.edu/), and PubChem at NCBI (http://
pubchem.ncbi.nlm.nih.gov/) have increased the number of
readily available small molecules to over one million. In fact,
PubChem is a resource that intends to be a comprehensive
repository for chemical structures of small organic molecules
along with information on their biological activities. This in-
crease in publicly available small molecules will drive new
eﬀorts to better understand interactions involving small-
molecules, particularly in the area of drug docking and phar-
macogenomics. However, a signiﬁcant challenge exists to
identify the important underlying sets of functional groups
of small molecules involved in biological interactions, or phar-
macophores, and to use this information to recognize other,
possibly more biologically active small molecules.
Ontologies, or controlled vocabularies, have been shown to
be extremely useful to researchers, in order to aid in the clas-
siﬁcation and organization of information. For example, the
successful gene ontology (GO) [7] is used to describe myriad
information regarding protein function and classiﬁcation, to
a ﬁne level of detail. Relationships within an ontology can
be used to help group together similar objects, or ﬁnd things
with similar properties or behaviours. The majority of ontolo-
gies are used to standardize deﬁnitions, as well as facilitate
data exchange, analysis, and searching. Applying a suitable
small-molecule ontology to a list of small-molecule interac-
tions would allow users to search for chemicals possessing
functional groups complementary to those found in the bind-
ing pocket of a protein of interest.
To our knowledge, no attempts have been made to arrive
at a formal chemical ontology for describing small molecules
until recently. The sole exception is chemical entities of bio-
logical interest (ChEBI) [8], a small-molecule database
hosted at the European Bioinformatics Institute (EBI),
which has developed an ontology to help classify small mol-
ecules in their database. Each entry in the database is man-
ually added as a leaf along one or more branches in the
ontological tree, with approximately 11000 total terms
(including leaf terms). While simple classiﬁcations such as
aldehydes, ketones, alcohols, etc., naturally lend themselves
as ontological terms for chemicals, ChEBI goes into much
more detail than this, with many levels of speciﬁcity withination of European Biochemical Societies.
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molecular function. However, each time a new compound is
added to the ChEBI database, it must be assigned to the
ontological tree by hand, which is very labour-intensive
and somewhat subjective. Many of the terms themselves
are somewhat vague and open to interpretation, since no
strict deﬁnitions of them are supplied. Because ChEBI terms
may have multiple parents, it will become gradually more
diﬃcult to establish and maintain relationships in a growing
ontology, as was found for classiﬁcation of terms in the
medical domain [9]. Multiple relationships are better handled
by formal expressiveness and the reasoning capabilities of an
underlying description logic such as DAML + OIL, hence
the development of a new methodology for GO to increase
its formal explicit semantic content [10]. Since small mole-
cules can be considered as comprising largely independent
chemical functional groups, a classiﬁcation for small mole-
cules could also be obtained by identifying the molecules
chemical functional groups using objective and computable
criteria. A strictly hierarchical approach to small molecule
classiﬁcation is desirable in maintaining simplicity, allowing
simple searching and ontological assignment while providing
a set of rich descriptive terms that can be used for semantic
comparison.
We present a new small molecule chemical ontology (CO)
based on functional groups assigned by the program checkmol
(http://merian.pch.univie.ac.at/~nhaider/cheminf/cmmm.html).
The major advantages it oﬀers are that: (a) the terms can be
automatically, consistently and objectively assigned by a com-
puter program; (b) as a result precise deﬁnitions are available
for each term, with most including a chemical sketch of the
functional group and (c) its simplicity facilitates computational
applications.
Often drug molecules can be enhanced in potency through
minor changes to their chemical structure to allow tighter
binding, or better packing in the binding site. Similar mole-
cules tend to bind the same pocket, albeit with diﬀerent aﬃn-
ities. In fact, it is well known that transition state analogues of
enzyme substrates act as ideal inhibitors of those same en-
zymes [11]. The portion of a small molecule responsible for
molecular recognition, or binding, in a particular binding site
is referred to as a pharmacophore. This could be described by
numbers of hydrogen bond donors/acceptors in the binding
site, charges if any, aromatic ring centres, and so forth. Thus,
it is not necessarily desirable to compare molecules based on
size or shape, but rather based on chemical properties. A phar-
macophore-based approach to similarity seems logical if the
purpose is to ﬁnd more potential targets for a given binding
site with known small molecule ligands. Semantic similarity
measures have been applied previously to the GO and were
shown to have some correlation with sequence similarity
[12]. Hence, as a demonstration of the utility of CO, we em-
ploy it to generate a semantic similarity metric, similar to
the Tanimoto score [13] but making use of the ontology, which
is applied across the PubChem database and is able to identify
similar molecules based on functional groups alone. Addition-
ally, it can be used as a powerful search interface, allowing one
to pull out structures with any desired combination of func-
tional groups. It has also been integrated with the Small Mol-
ecule Interaction Database (SMID), which is used to detect
underlying pharmacophores in sets of predicted protein–small
molecule interactions.2. Materials and methods
2.1. Automatic detection of functional groups
Checkmol is a freely available, open-source tool which is able to
automatically detect and assign functional group information to any
small molecule with 2D co-ordinates. It can identify over 200 func-
tional groups such as secondary carboxylic acid amide or sulfonic
acid derivative. Assignment is made strictly based on computational
detection of speciﬁc arrangements of atoms and bonds within the mol-
ecule, and thus is completely objective and fully automated. A given
structure may have any number of functional groups assigned to it,
but each term will only appear once, if multiple instances of the func-
tional group appear in the molecule. An interactive version of the pro-
gram is available at: http://merian.pch.univie.ac.at/~nhaider/fga.php.
When run on the command line, a standard mol ﬁle is given as input,
and the functional groups are output, one per line.
2.2. CO – The chemical ontology
We have studied the checkmol functional group terms and their rela-
tionships to one another, and used this to come up with a new ontol-
ogy (Fig. 1). In order to allow grouping of similar terms together, it
was necessary to add a few terms of our own for a total of 231 distinct
terms. In this ontology, each term has precisely one parent. The com-
plete ontology is available for download at ftp://ftp.blueprint.org/pub/
SMID/ontology/CO.obo. Only the most speciﬁc terms are assigned to
molecules. Hence, a molecule may have two sibling terms assigned, but
not a child and parent, or child and grandparent, to the same molecule.
This simply helps to remove redundancy in the assignments, since any
child term automatically implies the parent terms as well.2.3. A metric for semantic similarity
To begin, all the checkmol functional group assignments are re-
corded for each of the two molecules being compared (discarding par-
ents as noted above). Additionally, we determine the frequency of each
term in the small-molecule database, i.e., how many molecules in the
database each term applies to. Denote the frequency of a term T by
fT. Then, let ST denote the score assigned when two terms match in dif-
ferent molecules, where ST ¼ f 1=4T . Terms which occur frequently will
be down-weighted, while terms which have a low frequency, and yet
are found to be common to two molecules, will contribute a score close
to 1. The exponent 1/4 was chosen to result in a score of about 0.1 for
common terms, compared to close to 1 for rarely assigned ones, for a
database size on the order of 10000 molecules.
Next, we deﬁne two terms as siblings if their immediate parent is the
same, or if one term is the immediate parent of the other. Note that
because all redundant parents have been removed, the presence of a
non-leaf node A of the ontology implies that there exists some child
D of A without a term yet assigned to it (see Fig. 2). Hence, A repre-
sents a missing term D in the ontology which is a direct child of A, and
it can be considered a sibling to any other children B, C of A. For
example, if acetal were assigned (A), this means that it must be an ace-
tal compound other than the current children: carbonyl hydrate (B) or
hemiacetal (C). Whatever speciﬁcally it may be, it can be considered a
sibling to a hemiacetal, for example, since it is really some speciﬁc type
of acetal compound which we have just not deﬁned a term for yet (D).
The pairwise score, z, for two small molecules is obtained by matching
their terms:
z ¼
X
matched terms T
ST þ
X
siblings T1; T2
1
1
ST1
þ 1ST2
ð1Þ
Before computing sibling matches, all exactly matching terms are re-
moved from the term lists of each molecule to avoid double counting.
The pairwise score is then normalized to account for the diﬀerent
number of terms assigned to each molecule. If the two molecules being
compared have a total of x and y ontological terms assigned to them,
respectively, then the ﬁnal similarity score is obtained from:
score ¼ 2z
xþ y ð2Þ
This is similar to the Tanimoto score [13], and results in a score be-
tween zero and one with a higher score indicating more functional
groups in common. The maximum value varies with the frequency of
occurrence of the functional group terms. We also compute a score
Fig. 1. The complete Chemical Ontology applied to the PubChem database. Number of molecules (out of 636359 total) falling under each category is
given in brackets. Each parent node includes counts for all the children nodes as well, so for example there are 168969 molecules with at least one
amine group, of which 58308 have at least one primary amine, 44631 secondary and 83570 tertiary. Some molecules have more than one sub-
type, for example primary and tertiary, in the same molecule, so that these three counts add up to more than the total number of molecules with
amines.
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Fig. 2. Parent node A has two known children, B and C; any members
of A which are not B or C are lumped into imaginary child D. See text
for an example.
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ther restriction that if the ratio of molecular weights of two molecules
is greater than 3 (or less than 1/3), they automatically receive a similar-
ity score of zero. By looking at similarity hits to several popular com-
pounds such as ATP and benzene, it was empirically determined that
using a non-weighted score of 0.6 as the cutoﬀ produced reasonable
numbers of hits, at reasonable levels of similarity to the query. The
non-weighted score must be used for the cutoﬀ as it always ranges be-
tween zero and one, while the normal similarity score peak value varies
with the functional groups involved.
As an example, let us say we have two molecules A and B in our
database of 20000 that we wish to compare. A is identiﬁed as having
the following four functional groups, with frequency in the database
given in parentheses: sulfuric acid monoester (117), nitrate (5), sulfu-
ric acid diamide (16) and acetal (1856). B has only three functional
groups: sulfuric acid diester (2), sulfuric acid diamide (16) and hemi-
acetal (465). Thus, A and B have one functional group in common,
sulfuric acid diamide and Ssulfuric acid diamide = 16
1/4 = 0.5. The terms
sulfuric acid monoester and sulfuric acid diester are siblings in the
ontology, with Ssulfuric acidmonoester = 0.304 and Ssulfuric acid diester =
0.841. Note that these are both siblings to sulfuric acid diamide as
well, but we have already computed this terms contribution to the
score in the ﬁrst part of the calculation. Lastly, note that acetal is
a parent of hemiacetal, and so these terms are treated as siblings
as explained above. Sacetal = 0.152 and Shemiacetal = 0.215. Note that
the frequency of acetal in the database, 1856 occurences, includes
only those where a more speciﬁc child was not assigned. Now we
can compute the score. First for the non-weighted score, ST = 1 for
all terms T, so in Eq. (2), x = 4, y = 3 and z = (1 + 0.5 + 0.5) = 2, giv-
ing a result of 2*2/(4 + 3) = 0.57. The frequency weighted score is
then computed from Eq. (1) as z = 0.5 + 0.223 + 0.089 = 0.812, thus
from Eq. (2), score = 2*0.812/(4 + 3) = 0.232. Note that as expected,
the sibling terms contribute less to the score than the matching terms,
and the more common acetal siblings contribute only 0.089 compared
with the rarer sulfuric acid derivative siblings which contribute 0.223.Fig. 3. Penicillin G and its top four hits by similarity score, in our local
database of approximately 20000 small molecules. Next to the image is
the molecule name, followed by the similarity score. PNN is the same
as the query but with the aromatic ring incorrectly drawn as all single
bonds (this will be corrected by automatic bond order assignment in
the near future).3. Results and discussion
3.1. Use of semantic similarity
For a given small molecule, the similarity score can be used
to ﬁnd neighbours, or similar molecules, in the database. The
top hits will generally have most of the same functional groups
as the target molecule, with perhaps a few extra. Molecules
with similar functional groups but with many additional ones
will generally rank lower. Molecules which share functional
groups which are very commonly assigned in the database
but not rare ones will also tend to score lower than those which
share at least one rarely assigned term. The molecular weight
cutoﬀ helps to avoid marking grossly diﬀerent sized moleculesas similar, even if they share similar functional groups to some
degree. Fig. 3 shows penicillin G and its top four neighbours.
All are penicillin-like and clearly similar to the query as would
be expected. In the top 20 hits, only thiazoloisoindolinone – an
HIV-1 reverse transcriptase inhibitor and thiazolidine are not
penicillin-like.
The similarity score should also be able to group molecules
that bind a common site competitively. Ideally, any one of
these ligands of the protein should receive a high rank when
compared to any of the others that bind the same site. Unfor-
tunately, there are no complete lists of all small molecules that
bind a particular site (within some threshold aﬃnity constant),
therefore we are unable to fully quantify the accuracy of the
similarity score at this time. However, there are certain exper-
imentally demonstrated examples which we can use to validate
the chemical neighbouring capability of this approach. We
chose one such example, comparing several ligands of a pro-
tein, all known to bind the same binding site and already in
PubChem. These were a number of tetra-peptides which act
as potent protease inhibitors of Hepatitis C Virus NS3 [14].
Compounds 9, 16 and 25 in Johansson et al.s work correspond
to PubChem CIDs 497549, 497564, and 497573, respectively.
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by them, while the latter is the most potent one containing
1-aminocyclopropane-1-carboxylic acid (ACPC). Previous
structure–activity relationship studies had shown that Cys or
ACPC must be in the P1 position of the peptide. First,
CID:497549 was compared to all of PubChem (636359 struc-
tures), with 7221 compounds receiving signiﬁcant matches
(non-weighted score above 0.6). The resulting scores and ranks
are summarized in Table 1. CID:497564 ranks highest out ofTable 1
Similarity scores between three tetra-peptides all known to bind the
same binding site of Hepatitis C Virus NS3
Hits Query
CID:497549 CID:497564 CID:497573
CID:497549 0.0744 (1) 0.0416 (1744)
CID:497564 0.0744 (1) 0.0416 (1744)
CID:497573 0.0416 (971) 0.0416 (965)
Compounds are identiﬁed by their PubChem Compound IDentiﬁers
(CID). A higher score is better. The rank of the score compared to all
other molecules in PubChem is given in parentheses after each score.
Fig. 4. Chemical ontology view for small molecules predicted to associate w
(GI 38704182). The largest number of molecules (5) is associated with the ca
and the product, carboxylic acid.all the compounds, while CID:497573 ranks 971st. The Pub-
Chem website oﬀers 26 similar structures with CID:497564
ranking 13th using the same structure-similarity method as
the NCI database, from the CACTVS toolkit [15]. Next, using
CID:497564 as the query, 7146 hits are returned, with
CID:497549 ranking ﬁrst and CID:497573 ranking 965th.
CID:497549 ranks 30th out of 51 neighbours on the PubChem
web site. Lastly, comparing CID:497573 to PubChem gives
4274 hits back with the other two molecules tied at 1744th.
Neither of these two appear among the 14 neighbours at the
PubChem website. Other high-scoring hits to the ﬁrst two
small molecules involved amino-carboxylic acid derivatives,
benzoic acid derivatives and peptides, all with a sulfur moiety
or Cys residue. Because CID:497573 lacks the Cys group, this
pushed down its score when compared to the other two. It
scored better against amino-carboxylic acids and peptides
without a sulfur moiety in the molecule.
This simple example demonstrates that our scoring system
is able to pull out similar molecules, based on the require-
ment of having functional groups that may aﬀect binding
to the same binding site, in a comparable fashion to
PubChems similar compounds link, which uses the Cactvsith primary binding site for Escherichia coli aldehyde dehydrogenase B
rboxyl/carbonyl group, which indeed contains the substrate, aldehyde,
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structures, to locate similar structures in the database with
a Tanimoto score of 90% or better. Unlike the standard Tan-
imoto score, the method described herein also accounts for
functional group siblings, using the ontology tree, and ac-Fig. 5. Molecules in PubChem containing all three functional groups
that were queried: cation, hydrazine derivative, and dialkyl ether. 64
molecules in the database match these criteria. On the web-page,
clicking a compound ID links back to the original PubChem record,
while clicking on an image enlarges it.counts for the frequency of the terms in the database. How-
ever, returning 1% of the database in the hit list is too large
to be of practical use in most cases. As more terms are added
to the ontology, the scoring function will become more sensi-
tive to the subtle diﬀerences between the diﬀerent molecules,
and ultimately return fewer hits, ranked more speciﬁcally on
chemical groups added to the ontology that are likely to be
important for binding.
3.2. Applying the chemical ontology
SMID is a database of domain-small molecule interactions
involving only 4283 small molecules found in 3D structures.
SMID provides a bridge between structure space and se-
quence space for small molecule binding annotation. The
ontology has been applied to SMID, to further annotate
the set of small molecules predicted to bind to a particular
binding site of a protein. This set is viewed on an interactive
ontological tree diagram as the query set is returned by the
web interface. Only the terms applicable to the molecules in
question (and their parents) will be displayed, for the user to
navigate along. This permits one to quickly identify which
features are common to all the small molecules in the bind-
ing site, and help identify the binding mode and even func-
tion at a glance. Fig. 4 illustrates the distribution of
functional groups for the ﬁve small molecules predicted to
bind the primary binding site of Escherichia coli O157:H7
aldehyde dehydrogenase B. The carboxyl/carbonyl group,
which includes the aldehyde group, the substrate for this en-
zyme, as well as the product, carboxylic acid, was the most
frequent functional group, assigned to all ﬁve of the diﬀerent
molecules. Thus, the ontology may aid in rapid identiﬁcation
of functional groups important in protein–small molecule
interactions.
The ontology has been applied to a local copy of NCBIs
PubChem database as well, allowing browsing of the database
by functional group. The distribution of the molecules in Pub-
Chem across CO is shown in Fig. 1, and is available through
an interactive website at http://smid.blueprint.org/pubchem/.
The user may select several functional groups of interest and
then view the intersection (or union) of these. This acts as a
simple yet powerful query engine, performing ﬁltering by func-
tional group. For example, suppose prior research had indi-
cated that desirable features of an inhibitor were that it
contain a positive charge, a dialkyl ether group, and was a
hydrazine derivative. Computing the intersection gives us a
short list of 64 molecules matching the criteria (Fig. 5). There
is no other way to perform such a complex query in such a sim-
ple intuitive manner.
We plan to extend the checkmol program to identify more
biology-speciﬁc functional groups such as those for nucleo-
tides, pyrimidines, purines, amino acids, saccharides, steroids
and so forth. These would then be added to CO as well, and
help to further categorize the larger clusters of molecules in
the current tree to reduce the number of molecules falling into
any one leaf node, and result in a much more powerful and
sensitive similarity measure. This work oﬀers only a brief
glimpse at the possibilities made available through the use of
a robust chemical ontology joined together with an appropri-
ate objective ontology assignment tool. As CO grows, it will
serve as a powerful tool for searching large chemical databases
and identifying key functional groups responsible for biologi-
cal activities.
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